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Despite recent genome-based advances in understanding Plasmodiummolecular evolution and its relationship to disease mechanisms and potential
drug development, the phylogenetics of the group is currently limited to single-gene analyses. Here we develop and analyze a set of N100 putative
orthologous genes derived from genome comparisons. We aimed to minimize systematic errors that arise when reconstructing the Plasmodium
phylogeny with a genome-scale data set by evaluating the congruence of different genes, optimality criteria, and models of sequence evolution with
previous studies encompassing fewer characters and more species. Saturation in substitutions and bias in base frequencies at third-codon positions
characterized most Plasmodium genes. Molecular evolution models that partitioned rates of change by codon position were best at accounting for these
sequence characteristics, as were analyses of amino acid alignments. These methods also ameliorated, but did not entirely avoid, the impact of reduced
taxon sampling on phylogeny. The use of these models and expanded taxon sampling are necessary to maximize detection of multiple substitutions,
overcome compositional biases, and, ultimately, resolve with confidence the phylogeny of Plasmodium.
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modium is a threat to human health, the world economy, and
biodiversity worldwide [1–4]. Over the past decade, genome
projects and postgenomic analyses have provided valuable
insights into the diversification of Plasmodium gene families
[5] and the molecular biology of host–parasite interactions [6,7],
as well as opening avenues for future drug development [8]. The
broader evolutionary context of these advances is currently
framed by phylogenies based on genes encoding the small ribo-
somal subunit 18S [9–11], the circumsporozoite surface protein
[12,13], or the mitochondrial cytochrome b [14]. With ongoing
genome projects for eight Plasmodium species—including para-
sites of humans, nonhuman primates, rodents, and birds—
phylogenomic studies hold great promise for illuminating the
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doi:10.1016/j.ygeno.2008.01.006The wealth of data produced through genome sequencing
effectively eliminates character sampling errors that plague
single-gene phylogenies. Phylogenomic approaches, however,
entail a different set of challenges through the combination of
abundant data and reduced taxon sampling. Among distant
relatives, such as those represented by the Plasmodium ge-
nomes, the bulk of molecular evolution occurred after diver-
gence from a common ancestor, leading to long terminal
branches and short internodes of common history uniting them
[15]. These long periods of individual evolution, estimated to be
between 40 and 160 million years in Plasmodium [10], obscure
the history of shared descent through multiple substitutions at
the same site [16,17]. Phylogeny methods then misinterpret the
observed nucleotides at a given site, to the point that nonhisto-
rical noise—for example from bias in base composition—often
trumps phylogenetic signal, leading to systematic error [18–20].
Systematic errors cannot be solved, and are sometimes worse-
ned, by analyzing longer sequences [21–23]. Instead, adding
more taxa and/or choosing a better model of sequence evolution
can reduce systematic error by improving detection of multiple
substitutions (e.g., [20,24,25]).
Table 1
Number of putative orthologous genes (n=104) supporting different Plasmodium
trees
Optimality
criterion
Data treatment
or model
Number of
free parameters
Trees from
Fig. 1 a
Unresolved
tree b
A B C
MP All sites 40 31 20 13
First and second
codon sites
51 15 15 23
Third codon site 25 38 23 18
RY coding 42 19 29 14
Amino acid 37 14 17 36
ML Best-fit model c 5–9 c 45 31 28 0 (1) d
HKY+C+G 17 55 30 19 0
GG98 28 e 42 34 28 0
F3X4MG 11 57 21 24 2
WAG+F+G 20 56 22 24 2
From Codon 21 51 24 27 2
a Trees in comparisons had the rodent parasites P. berghei, P. chabaudi, and
P. yoelii as descended from one trifurcating node.
b These trees collapsed the short internode in Fig. 1A.
c Best-fit model of 24 alternatives evaluated using the AIC or AICc criterion
in MrAIC [26]. The least complex best-fit model for any locus was the HKY+I
and the most complex was the GTR+I+G.
d Tree had P. chabaudi as sister to vivax–knowlesi rather than to other rodent
parasites. That branch had nonparametric bootstrap of 37% and was not
evaluated in subsequent comparisons.
e Including branch lengths for eight species with one unresolved node. The
location of the root is one of the parameters. For this test we compared 16 trees,
or four alternative root placements for each of the four topologies.
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reconstructing the Plasmodium phylogeny with a genome-
derived data set. To this end, we evaluated the performance of
different genes, optimality criteria, and models of sequence
evolution in recovering relationships among parasites. We found
that models that partitioned rates of change by codon position
were best at accounting for sequence characteristics that obscure
phylogenetic signal, such as saturation in substitutions and
significant differences in base composition. These models also
ameliorated, but did not entirely avoid, the impact of taxon
sampling on phylogeny reconstruction.
Results
Sequence analyses
We used the annotated genome sequence of Plasmodium
falciparum [4] to identify putative orthologous genes in seven
other Plasmodium species and two outgroups (genus Theileria).
Homology to the outgroups was used to exclude rapidly evolving
genus-specific genes whose multiple substitutions would more
readily obscure phylogenetic inference. We found 104 suitable
genes from throughout the P. falciparum nuclear genome. The
majority of the genes were annotated as hypothetical (31) or
putative (52), with ribosomal (8) genes commonly represented
among the latter. The putative orthologs comprised, prior to
aligning and editing, 169,584 nucleotides or 56,528 amino acids,
corresponding to approximately 0.7% of the genomic sequence
and 1.5% of the predicted genes. After aligning and editing, data
sets ranged in size from 159 to 2091 bp, with a median length of
599 bp. Most of the nucleotides in the data sets were adenine,
mean=39.0% (range, 32.0–49.5%), followed by thymine,
mean=29.8% (20.0–37.0%), and the least frequent nucleotide
was guanine, mean=13.3% (8.2–18.9%).
Nonstationarity in Plasmodium
We compared base composition for putative orthologous
genes across Plasmodium. Only seven gene alignments were
stationary, all other data sets showed significant differences in
base composition across all sites. P. knowlesi and P. vivax had
significantly higher G+C content (~42%) than all other Plas-
modium species (mean=27%). No other base frequency compa-
rison between species was significant. These differences in base
composition were greatest at the third codon position (102
genes had significant comparisons), intermediate for first codon
positions (18 genes), and least at the second codon position
(5 genes).
Phylogenies from individual genes and concatenated data
We inferred phylogenies based on individual genes and a
concatenated data set of all genes using maximum parsimony
(MP) and maximum likelihood (ML). Maximum likelihood
inference applied the best-fit model of sequence evolution from
within the range of models evaluated by the script MrAIC [26]
using the Akaike information criterion (AIC). Nonstationarybase composition is a known source of systematic error in
phylogenetic analyses of genome-derived data sets [22,23,27].
The sequence characteristics of Plasmodium make it impossible
to discard all nonstationary genes to minimize systematic error
using MP (e.g., [27]). Instead, we applied three data handling
strategies: (1) excluding third codon position (e.g., [28]), (2) RY
coding (coding as purines and pyrimidines instead of four
nucleotides, e.g., [22]), and (3) analyzing protein sequences
(e.g., [23]). The phylogenetic signal comprising third codon
positions was starkly different from that of first and second
codon positions, with 78 genes producing incongruent trees
from each of these two data partitions (see also Table 1, Fig. 1).
This was also reflected in conflicting results from analyses of
concatenated data from the third codon position (Fig. 1B). All
special data treatments using MP increased the number of genes
that recover the tree of Fig. 1A (Table 1). The number of genes
favoring unresolved phylogenies also increased, with the grea-
test loss in resolution found in analyses of protein sequences
(Table 1).
The AIC-selectedMLmodel for themajority of genes was the
general time reversible (GTR) model with a proportion of in-
variant sites, variable rates across sites, or both (88 genes). The
Hasegawa–Kishino–Yano (HKY) model [29] was selected for
the remaining genes, again with a proportion of invariant sites, a
discrete Γ-distributed rate of variation across sites, or both (16
genes). Maximum parsimony and AIC-selected ML analyses
recovered four alternative resolved trees, each compatible with a
sister relationship between P. knowlesi and P. vivax and a sister
relationship between P. falciparum and P. reichenowi. Only one
Fig. 1. Three trees based on sequence data for eight Plasmodium species. Branch lengths were estimated under the GTR+G model of sequence evolution [70,75].
(A) Tree of concatenated data (−lnL=338,711.33). Numbers above branches are percentage of nonparametric bootstrap support (500 replicates) using MP on all sites
(above branch) and ML under the GTR+G model (below branch). The arrow indicates support for the sister relationships between P. berghei and P. yoelii. The least-
supported node had 99% bootstrap support in MP analyses using RY coding [22] and 100% support when excluding third codon sites or using protein sequences.
(B) Tree of the hypothetical protein PF07_0119 (−lnL=1131.57). MP analyses of concatenated third codon sites supported this tree with bootstrap support of 100% for
the central internode. (C) Tree of the hypothetical protein PF07_0092 (−lnL=7366.85).
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with the monophyly of the rodent parasites P. berghei, P. yoelii,
and P. chabaudi (Table 1). Maximum parsimony and ML ana-
lyses of most genes and the concatenated data converged on the
same generally well-supported tree (Fig. 1A).Many genes inMP
and ML analyses, however, recovered either of two alternative
resolutions (Table 1, Fig. 1). We regarded the different trees
obtained from MP and ML analyses of individual genes as
evidence of conflicting phylogenetic signal.
Measures of phylogenetic conflict and saturation
We quantified phylogenetic conflict in light of the different
trees derived from individual alignments and codon positions
using different optimality criteria. The goal of these analyses was
to determine the statistical significance of different topologies
while accounting for (1) distinct phylogenetic signal from third
codon positions and (2) significant differences in base compo-
sition between taxa at different codon positions. To evaluate
the significance of incongruence we compared the three most
commonly obtained trees and one unresolved alternative, using
bootstraps derived by resampling the estimated log-likelihoods
(RELL; see Materials and methods and Table 2) for each
alignment. To reduce the impact of nonstationarity on phylo-Table 2
Number of putative orthologous genes (n=104) rejecting Plasmodium trees
(p≤0.05) using the Shimodaira–Hasegawa [68] test and applying each ML
model
ML model Trees from Fig. 1 Unresolved
tree
A B C
GTR+G 6 4 6 17
HKY+C+G 5 10 9 27
GG98 16 19 23 62
F3X4MG 1 14 9 31
WAG+F+G 2 9 7 9
From Codon 2 9 8 16
Tree topologies are as in Table 1.geny, these tests applied ML models that account for changes in
base frequencies at different codon positions or lineages and two
protein evolution models.
Significant incongruence was uncommon under most mod-
els, with a maximum of 5% of genes conflicting with tree 1A
and up to 11% of genes rejecting tree 1B (Table 2, Fig. 1). The
GG98 model was unusual in finding 15% of genes rejecting
tree 1A and up to 22% of genes rejecting tree 1C (Table 2).
Nonsignificant incongruence is often associated with insuffi-
cient data to resolve a phylogeny, while significant incongru-
ence suggests separate histories for conflicting genes (e.g.,
[30]). We measured support for any resolved tree to determine
whether individual genes contained enough data to resolve
the phylogeny. The majority of genes showed weak support,
independent of the evolutionary model applied (Table 3). Even
if most genes in our data set reflected the species tree, few
encompass enough data to resolve the Plasmodium tree with
confidence.
The long branches observed in all Plasmodium phylogenies
(Fig. 1) might have accumulated so many substitutions that the
resolution of the internode would be random with respect to
history. To measure saturation in substitutions we plotted un-
corrected pairwise distances (between species) at third codon
positions against observed distances at first and secondTable 3
RELL support for alternative trees
Model
sequence
evolution
Mean RELL
best tree
Fig. 1
Mean
RELL
tree 1A
Number of
genes with
RELLN0.95 a
Number of
genes with
RELLN0.75a
GTR+G 0.69 0.39 6 (3) 38 (18)
HKY+C+G 0.72 0.47 8 (7) 47 (30)
GG98 0.68 0.40 8 (6) 33 (16)
F3X4MG 0.73 0.52 9 (8) 50 (36)
WAG+F+G 0.73 0.50 9 (7) 52 (36)
From Codon 0.72 0.50 12 (7) 50 (34)
Tree topologies are as in Table 1.
a For any resolved tree. Numbers in parentheses are genes that recovered the
tree of Fig. 1A.
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codon positions were decoupled from change at other sites or
completely saturated (Fig. 2A). In contrast, transversion dis-
tances at third codon positions increased linearly with respect to
distances from first and second codon positions (Fig. 2B). The
slope of uncorrected distances against corrected distances
(HKY for nucleotides, WAG for amino acids) was used to
quantify saturation in individual alignments. Higher slopes
indicate no saturation, as all or most inferred changes are also
observed in the pairwise comparison. As substitutions accumu-
late at a site, the number of changes inferred becomes much
greater than the number observed, and the slope decreases.When
observed substitutions plateau with respect to inferred changes,
the slope approaches 0 and in the extreme can become negative.Fig. 2. Saturation plots for 104 genes. Uncorrected pairwise distances (number of
observed nucleotide substitutions/alignment length) were measured for each species
pair, excluding distances between the close relatives falciparum–reichenowi, vivax–
knowlesi, and berghei–chabaudi–yoelii. First positions are shown in light gray,
second positions in black, and third positions in white. (A) Transition substitutions.
(B) Transversion substitutions.Fig. 3 shows the frequency distribution of the slope of different
codon positions and substitutions. The frequency distribution of
slopes from third-position transversions was bimodal (Fig. 3),
with the lower mode around −0.01 (SD=0.10)—indicating
complete saturation in third-position transversions for 57 align-
ments—and the higher mode around 0.56 (SD=0.08) for re-
maining alignments.
Taxon sampling
The eight sequenced genomes of Plasmodium represent a
fraction of more than 100 species known in this genus. To
investigate the effects of taxon sampling on Plasmodium phy-
logeny using different models, we repeated the tree comparisons
with a subsample of four species—P. falciparum, P. vivax,
P. yoelii, and P. gallinaceum—representing the tree's major
branches. With one exception, all analyses of concatenated
sequences showed the same pattern of relationships with four and
eight species. The GTR+G model favored the tree of Fig. 1Afor
all species and tree 1B for four taxa (−lnL=262,393.03).
Model selection with the smaller taxon sample found the
GTR with a proportion of invariant sites, variable rates across
sites, or both, as the best-fit model in most cases (87 genes),
followed by the HKY model (17 genes). The broad model
selected, GTR or HKY, was the same for eight- and four-taxon
alignments for most genes (81 genes). There was substantial
variation in the sensitivity of sequence evolution models to
taxon sampling (Fig. 4). All models had lower support values
with the smaller taxon sample, and none were immune to drastic
changes in support, in effect a change in phylogeny from one
tree to another with the same length of sequence. The strength of
correlation between taxon samples varied significantly across
models (Fig. 4), in that the GTR-derived model showed the
lowest correlation coefficient (r=0.75) and the WAG+F+G
protein model had the highest (r=0.93). In general, codon and
protein models showed a tighter correlation in support between
the complete and the pruned data sets; they were less sensitive
than nucleotide models to taxon sampling (Figs. 4D–F). Using
protein and codon models ameliorated the effects of taxon
sampling, but these could not be avoided entirely.
Discussion
Given the large differences in results obtained from apply-
ing different data treatments and models of sequence evolution
(Table 1, Fig. 4), we chose to evaluate the performance of these
approaches in recovering the underlying phylogeny. An alter-
native interpretation of conflicting phylogenies is that these reflect
separate histories due to paralogy [31] or horizontal gene transfer
[32]. We excluded gene alignments with known paralogs—
paralogs that could not mislead phylogeny because they have
evolved after interspecies divergence—from our data set by com-
paring to the OrthoMCL database [33] and generating our own
within-genome paralog lists for P. gallinaceum and P. reichenowi
(see Materials and methods). Detecting orthology without having
chromosomal maps for all species or applying phylogenetic meth-
ods, as was done here given limited genome annotations and
Fig. 3. Smoothed frequency distributions for slope of uncorrected vs corrected nucleotide substitutions and amino acid replacements. Uncorrected and HKY distances
for nucleotides and uncorrected andWAG distances for amino acids were calculated for pairwise species comparisons in each alignment (excluding close relatives as in
Fig. 2). The slope of observed (uncorrected) vs inferred (corrected) changes was then calculated for each gene. pos., codon position; subs., substitution; Ti, transitions;
Tv, transversions.
Fig. 4. Comparisons of approximate bootstrap proportions for the tree of Fig. 1A (or a congruent four-taxon topology) using pruned and complete data sets. RELL [67]
bootstraps were calculated for individual genes or proteins (n=104) comparing the log-likelihood of the trees in Fig. 1. Four-taxon trees included only P. falciparum,
P. vivax, P. yoelii, and P. gallinaceum. Correlation coefficients (r) were not homogeneous ( pb0.0001).
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of a few paralogs. The rate of false positives for reciprocal best hits,
however, is low enough (on the order of 8% in a recent study of
eukaryotic genomes [34]) that differences in recovered phylogeny
are often greater between data treatments and models than could be
attributed to paralogy alone (Table 1). Although horizontal gene
transfer cannot be entirely discounted either, there is little evidence
of it in our data set, as most conflicting signal is weak (Table 3) and
most genes cannot reject any resolved tree (Table 2).
We focused our performance evaluations on two salient
features of the Plasmodium data: saturation in substitutions at
third positions and significant differences in base composition.
One consequence of this focus was that the range of methods
applied did not account for other potential confounding vari-
ables, such as the change in rate of molecular evolution at a
given site over evolutionary time or heterotachy [35]. Although
this mode of sequence evolution cannot be ruled out as a source
of error in this study, the range of models we applied included
those found to be robust to heterotachy in simulation studies
[36]. More troubling for our analysis is the recent realization
that discordance between gene trees and the species tree is
common when branch lengths are short and sequences evolve
within species following a coalescent model [37]. Some propor-
tion of the observed conflict might be attributable to this, al-
though applying methods that account for this phenomenon
(e.g., [38]) is beyond the scope of this study. As with paralogy,
the discordance in single-gene or concatenated phylogenies
(Table 1, Fig. 1) and low support (Table 3) suggest that the
interaction between sequence characteristics and models is as
great a source of conflict as the actual differences in underlying
topologies arising from population-level processes.
In the Plasmodium genome phylogeny there are four long
branches and one short internal branch that can be resolved in
one of three ways (Fig. 1). Different genes resolve to different
trees (Table 1), but only one species tree can be correct.
Bootstrap support values cannot decide this matter because they
measure character sampling error and not systematic errors that
actually become worse with longer sequences [18,20,22,23,27].
There is independent evidence supporting the topology of
Fig. 1A: single-gene phylogenies estimated from the 18 S
ribosomal RNA gene [10,11], the circumsporozoite protein
(CSP) gene sequence [12,13], and the mitochondrial cyto-
chrome b gene [14]. The short internode is resolved in
congruent patterns across a range of taxon samples (e.g., from
11 Plasmodium species in Escalante and Ayala [10] to 37 taxa
in Perkins and Schall [14]) and phylogeny estimation methods
(e.g., neighbor-joining in [10,12], MP in [13,14], and ML in
[11]). Systematic error can also affect single-gene studies, but
the inclusion of many species generally decreases these biases
(e.g., [16,20,39,40]). Congruence across genes under different
selective pressures and inheritance regimes (i.e., mitochondrial
cytochrome b vs nuclear CSP) suggests they reflect a common
underlying species tree. Based on the congruence in signal from
independent analyses, we evaluated the performance of meth-
ods and models assuming that the tree of Fig. 1A corresponds to
both the true species phylogeny and the best estimate of history
for most genes in our data set.Because the ML codon and protein models recovered the tree
of Fig. 1A from more than 50 genes (43 of which matched across
all threemodels), had similar levels of bootstrap support (Table 3),
and were the least sensitive to taxon sampling (Figs. 4D–F), their
results were used to measure the performance of other analyses.
Both MP, using all codon positions, and ML, applying the GTR-
derived models, were misleading because they recovered each of
the alternative resolved trees (Fig. 1) in comparable numbers
(Table 1).
Excluding third positions, RY coding, and analyzing amino
acid sequences using MP resulted in more genes recovering tree
1A (Table 1), as well as more frequent congruence with results
from ML codon and protein models. Of 43 genes that con-
sistently recover tree 1A with these models, MP analyses of all
sites found 12 that recover incongruent genes. Of these genes
only 1 still favored an incongruent tree when excluding third
codon positions, 6 with RY coding, and 1 when analyzing
protein sequences (not counting unresolved MP trees in each
case). If base-compositional bias persisted in the data despite the
different treatments, then signal from composition differences
should mirror the incongruent MP results. We calculated nuc-
leotide and amino acid composition distances from these per-
sistently incongruent data sets and then computed UPGMA
phenograms based on these distances using MEGA 4 [41]. The
phenograms reconstructed the internode as in the conflicting
MP tree for all genes, except one RY-coded alignment. Of the
five RY-coded data sets with phenograms that conflict with tree
1A, four had the majority of their parsimony-informative sites at
the third codon position. Incongruence in the trees derived from
treated data sets could be traced in almost every instance to
signal from base-composition differences, particularly at third
positions.
The tendency of MP to link together unrelated long branches
when saturation and biases obscure relationships among them has
been well documented [16,19,42–44], and the data treatments
used have been developed to copewith this shortcoming. Despite
its widespread application, the analytical weaknesses of the GTR
model have not been examined as carefully as those of MP [45].
The software programs most widely used for model selection
have the GTR+I+G model as their most complex choice,
effectively constraining the data to this model or others that
encompass some of its parameters (e.g., [26,46,47]). A careful
examination of data characteristics with the goal of excluding
data that violate model assumptions, or selecting models not
compared by the software, is a prerequisite to all model selection
[48]. Limiting the range of model evaluation in phylogenomic
analyses to only those models included in the software, however,
remains relatively common (e.g., [49–53]).
Befitting the characteristics of the Plasmodium sequences,
the models selected were the most complex among those eval-
uated by the software, GTR, and HKY. Maximum-likelihood
analyses using those models recovered the trees of Fig. 1B or
1C for 13 genes that recovered tree 1A using ML codon and
protein models, and incongruent trees had as high support as
that obtained using more appropriate models (Table 3). Rela-
tively good resampling support and pervasive conflict could be
signs that systematic error rather than character sampling error
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would boost confidence on conflicting trees in analyses of one
or a few genes. The AIC-selected models were also the most
sensitive to taxon sampling in individual alignments (Fig. 4A)
and when all genes were concatenated.
To identify the source of systematic error inML analyses using
GTR-based models, we analyzed third positions separately. All of
the 13 genes originally found to recover trees incongruent with
results from ML codon and protein analyses also favored
incongruent trees third positions only were analyzed. In contrast,
the results of only 14 of 30 genes remained congruent when third
positions only were analyzed, implying that first- and second-
position changes were more important in recovering phylogenies
from these genes than in the subset with incongruent results. The
greater influence of third-position changes on genes with incon-
gruent results suggests saturation and base-composition bias as
the sources of incongruence. Themean slope of transitions at third
positions was 0.21 (± Bonferroni corrected 95% confidence
interval of 0.04) for the congruent subset and 0.21 (±0.06) for
genes that recover incongruent trees, and correspondingmeasures
for transversions were 0.37 (±0.12) and 0.21 (±0.19). For com-
parison, first- and second-position transitions had a mean slope of
0.79 (±0.04) for the congruent subset and 0.78 (±0.07) for genes
that recover incongruent trees, while similar measures for
transversions had a mean of 1.15 (±0.04) and 1.18 (±0.08).
Third-position composition distance phenograms for the 13
alignments resulting in incongruent trees reconstructed a con-
flicting internode for all but two genes, with P. gallinaceum and
rodent parasites showing similar base composition in most cases.
In short, third-position transversions are more frequently
saturated among genes that recover incongruent trees and their
compositional signal conflicts with tree 1A, while the greater
influence of nonsaturated first and second positions and less
saturated third-position transversions characterize genes with
congruent results.
The AIC-selectedmodelsmight be relatively poor at analyzing
the Plasmodium data given the signal from base-composition
heterogeneity and because substitution rates at third positions
are much greater than at other sites—more than explained by a
Γ-distributed rate across sites. We applied two nucleotide models
aimed at accounting for differences in base frequencies across
codon positions (HKY+C+G) and across branches (GG98). The
HKY+C+G model recovered alternative trees for 7 genes that
recovered tree 1Awith ML codon and protein models. Levels of
support and rate of rejection for each of the alternatives were
similar to the codon and protein models (Tables 1–3), although
this model was more sensitive to taxon sampling (Fig. 4B). The
GG98 model was as sensitive to pruning in single-gene analyses
as the HKY+C+G model (Fig. 4C), but it performed poorly by
recovering tree 1B or 1C for 19 genes that codon and protein
models recovered as tree 1A. More genes significantly reject
alternative trees using the GG98 model (Table 2), despite support
measures that are comparable to other models (Table 3). This is
because the difference in log-likelihood between trees is greater
for this model than for other parameter-rich models (median
difference using the GG98 model 10.66 log-likelihood units,
median difference using the From Codon model 6.86). Since themodel obtains parameters from stochastic sequence variation
(becausemost sequences are short and do not contain enough data
to identify some of the parameters), the log-likelihoods obtained
are different, but the confidence in any one best tree is low
(Table 3). In fact, applying the AIC criterion of each additional
model parameter beingworth 1 log-likelihood unit and comparing
the log-likelihood of tree 1A using the GG98 vs a GTR-derived
model, the use of the more complex model was justified for only
16 genes. This is troubling for single- or few-gene analyses, but
can be avoided by choosingGG98 only whenwarranted using the
AIC criterion, or by examining bootstraps and other measures of
support: their low values would suggest model overparameteriza-
tion on insufficient data. The computational requirements of this
model, however, are so onerous that support values can hardly be
estimated for data sets with one locus and several dozen species
(e.g., [54]). Note also that despite extensive taxon sampling this
model did not perform well in that example either.
The key difference between the HKY+C+G and GG98
models was the strategy for partitioning substitution rates.
Complete saturation in transitions characterizes third positions
in Plasmodium (Figs. 2 and 3). By estimating a separate tran-
sition/transversion rate ratio for each codon position, the HKY+
C+G model successfully picked up the historical signal from
first and second positions without entirely discarding third
positions. The single transition/transversion rate ratio of the
GG98 model, in contrast, could not encompass the variation in
evolutionary rates at different codon positions in Plasmodium
genes, leading to conflicting results despite accounting for non-
stationary base composition.
The codon and protein models varied only subtly in their
performance. The F3X4MG codon model had the highest
support of all (Table 3), and it was as robust to taxon sampling
as the protein models (Fig. 4D), but with fewer parameters. This
codon model performed well with the Plasmodium data by
applying a rate of nonsynonymous/synonymous substitutions,
effectively partitioning evolutionary rates across codon posi-
tions and with fewer parameters than the HKY+C+G nucleotide
model. Therefore, the codon model is preferable in analyses of
one or a few short, nonstationary genes, where the addition of
parameters is unfeasible. Our result echoes one previous study
that showed codon models generally outperformed their nucleo-
tide and protein counterparts [45], although widespread appli-
cation is still limited by computational requirements.
The ML protein models recovered tree 1A more frequently
than MP protein analyses (Table 1). For Plasmodium, for which
ancient divergences provide ample opportunity for multiple
changes at the same nucleotide site (Figs. 2 and 3), the potential
loss of resolution from analyzing shorter protein sequences is
minor when balanced against the systematic error caused by
saturation and bias at third positions. The constraints of a ge-
nome's base composition, however, can also generate conver-
gent amino acid replacements, biasing phylogeny [55]. There are
non-independent mutational pressures that maintain within-
species G+C content and enrich genomes with adenine in Plas-
modium [56,57]. These pressures are responsible for significant
differences in base composition between species and—in
combination with multiple substitutions—misleading signal in
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phylogeny has not been studied in detail. There are three reasons
to assume that such effects were minimized in ML protein ana-
lyses: (1) saturation and significant differences in base frequen-
cies clustered at silent sites (Figs. 2 and 3); (2) protein-level
changes driven by these mutational pressures are most intense in
species-specific low complexity regions [58,59], which were
excluded during alignment of putative orthologs; and (3) amino
acid frequencies are expected to vary across genes as a conseq-
uence of genome base composition, and ML models accounted
for these unequal frequencies. Maximum-likelihood protein
models effectively countered systematic error without the compu-
tational demands of the codon model and might be preferable as
the number of species analyzed increases.
Analyses of the Plasmodium data are consistent with
simulations that quantified phylogenetic error as a function of
base compositional bias by Rosenberg and Kumar [17]. That
study found no significant effect of nonstationarity by itself, but
noted correlations between error in phylogeny reconstruction
and transition/transversion rate ratios and, to a lesser extent,
substitution rates. In Plasmodium, methods and models that do
not account explicitly for nonstationarity (e.g., MP on first
and second positions, HKY+C+G, F3X4MG, protein analyses)
were better at recovering the underlying phylogeny than the
GG98 because they inferred separate rates of change, or entirely
ignored, rapidly evolving third positions. Multiple substitutions
at third positions superimposed on nonstationary sequences
produced the strong conflicting signal in almost all cases. In
general, nonstationarity will be confined to less selectively
constrained third positions; therefore models that account for
clustering of compositional biases at these rapidly evolving sites
rather than across the whole gene are likely necessary when this
bias is extreme (e.g., [54]).
Conclusion
The central goal of this study was to identify the best meth-
ods to reconstruct the phylogeny of Plasmodiumwith a genome-
derived data set. We concur with the growing consensus that
some genome-derived data must be discarded to maximize
phylogenetic signal (e.g., [23]), but Plasmodium genome char-
acteristics are such that avoiding nonstationary genes might be
impossible (e.g., [27]). Nonstationary base frequencies pro-
duced strong nonhistorical signal, particularly at third positions,
where phylogenetic signal was most acutely obscured by multi-
ple substitutions. This explains why codon-partitioned and
protein-based methods and models, which did not account for
nonstationarity but estimated separate rates of change for third
positions or excluded them, were better at recovering the
underlying phylogeny. Since adding taxa and applying better
models are two ways of improving detection of multiple sub-
stitutions, genes from as many species as are available and the
use of codon and protein evolution models will be required to
resolve the phylogeny of Plasmodium confidently. More taxa
and better models are also what is needed to resolve finally one
of the most persistent points of contention in malaria phylogeny:
the position of the root of Plasmodium [10–14].Materials and Methods
Genes in the P. falciparum genome were examined and retained for analysis
if they had homologous sequences in each of seven additional Plasmodium
species (PlasmoDB release 5.0 for P. berghei, P. chabaudi, P. falciparum,
P. vivax, and P. yoelii and release 4.4 for P. gallinaceum, P. knowlesi, and
P. eichenowi) and two Theileria outgroups (TIGR release August 2005 for
T. parva and Sanger release July 2005 for T. annulata) and could be aligned over
most of the protein. Reciprocal protein–protein Blast (E value V 10E-10)
searches among the proteomes were used to identify putative orthologs. We
further refined our data set of putative orthologous genes by excluding all genes
that had within-genome paralogous copies, as identified in the OrthoMCL
database [33]. In addition to reciprocal best hits between genomes, the
OrthoMCL algorithm identifies within-genome sequences that are more similar
to each other than either is to a sequence from another species [60], or reciprocal
better hits. To complement published OrthoMCL results, we conducted
reciprocal better-hit searches within the P. gallinaceum and P. reichenowi
genomes and subsequently excluded any genes for which we found within-
genome paralogs. Data sets are available from the authors upon request.
We used custom Perl scripts and Bioperl 1.5.1 modules [61] to manipulate
sequences. Coding sequences corresponding to the putative Plasmodium
orthologs were aligned by codon using transAlign [62]. Nucleotide alignments
were subsequently edited by hand with reference to the amino acid alignment to
exclude areas of ambiguous alignment and all gaps and stop codons. We
analyzed the base composition of sequences using the v2 test implemented in
PAUP⁎ 4.0b10 [63]. Maximum-parsimony and maximum-likelihood optimiza-
tion methods were used to infer phylogenies based on individual genes and on a
data set of concatenated sequences comprising ~77 kb. PAUP⁎ was used to
search for MP trees and calculate nonparametric bootstrap support by using the
branch-and-bound algorithm. The Perl script MrAIC.pl version 1.4.2 [26] was
used to select the best ML model of sequence evolution. We used the AIC to
select the best-fit model when the ratio of characters to number of parameters in
the model was over 40, and the second-order AIC (AICc) when this ratio was
under 40 [48]. Phyml version 2.4.4 [64] was used to search for ML trees and
calculate bootstrap support values under the best-fit model. This program
implements a rapid hill-climbing algorithm that searches the tree and parameter
space less exhaustively than stochastic optimizations, such as those based on
Markov chain Monte Carlo methods. The topology search space of a phylogeny
with eight taxa, however, is rather small and the use of the rapid approach in this
context is unproblematic. PAUP⁎ was used to calculate uncorrected and
Hasegawa–Kishino–Yano [29] nucleotide distances between species and
uncorrected protein distances. Whelan and Goldman [65] (WAG) protein
distances were calculated using the Perl script LAPD.pl [66]. Distances within
the falciparum–reichenowi, vivax–knowlesi, and berghei–chabaudi–yoelii
species groups were excluded to avoid generating linear patterns from distances
among close relatives.
We compared the resulting topologies, with P. berghei, P. chabaudi, and
P. yoelii linked by a trichotomy for faster analyses (Table 1), by RELL of each
data set to evaluate the likelihood of each tree [67]. This approach closely
approximates the nonparametric bootstrap in less time, since it does not
reestimate ML parameters for each pseudoreplicate of the original data. The
reliability of the RELL method depends on the trees evaluated because the
resampled log-likelihoods derive from optimizing the data to these trees. We
evaluated all possible resolutions of the short internode linking four long
Plasmodium branches, three resolved alternatives and one where the internode
was collapsed. We calculated the significance of differences in tree log-
likelihoods using the Shimodaira–Hasegawa test [68] with 10,000 RELL
pseudoreplicates as implemented in PAML 3.15 [69]. We repeated all tree
comparisons after pruning the trees and data sets to include only four taxa
representative of the main evolutionary branches of Plasmodium: P. falciparum,
P. vivax, P. yoelii, and P. gallinaceum.
We implemented seven ML models in tree comparisons using PAML. Four
of these models applied to nucleotide alignments: the HKY model [29] or the
GTR model [70] with one discrete four-category Γ-distributed variable rate
across sites (HKY+G or GTR+G), the HKY optimized for each codon position
[71] with one discrete four-category Γ rate (HKY+C+G), and the Galtier–Gouy
98 model [72] of nonstationary and nonhomogeneous sequence evolution
(GG98). The HKY model accounts for stationary base frequencies and one
441L.M. Dávalos, S.L. Perkins / Genomics 91 (2008) 433–442transition/transversion rate ratio (κ) across the entire tree. The GTR model
accounts for stationary base frequencies and six homogeneous substitution-rate
parameters across the entire tree. PAML does not implement a proportion of
invariable sites parameter, as a Γ-rate model can accommodate sites with
virtually nil rates of change. Four-category Γ rates were used when the AIC-
selected model included an invariant-sites parameter (I), a Γ-distributed rate
parameter, or an invariant-site parameter plus Γ. The HKY+C+G model
accounts for distinct substitution patterns in protein-coding sequences by
estimating different base frequencies, substitution rates, and κ for each codon
position [71], in addition to one discrete Γ-rate parameter. The GG98 model
accounts for different G+C frequencies at the root and each branch of the tree
and applies one transition/transversion rate ratio across the tree [72]. This last
parameter translates into variable substitution rates depending on the
equilibrium G+C frequency of a given branch. To compare the different
unrooted topologies using this model we placed the root along each one of the
four long branches and then summarized the rooted trees into a congruent
unrooted topology (Table 1).
We implemented one codon and two protein models using PAML. The
codon model (F3X4MG) specified different base frequencies at each codon
position (hence 3 codon frequencies  4 bases), with one κ and one rate of
nonsynonymous/synonymous substitution, following the model of Muse and
Gaut [73]. The first protein model we applied was the empirical amino acid
substitution matrix of Whelan and Goldman [65] with observed amino acid
frequencies and a Γ-distributed variable rate across amino acid sites (WAG+F+
G). We also applied a model of protein evolution based on codon substitutions
developed by Yang et al. [74]. This model accounts for different frequencies for
each amino acid, κ, and an empirical parameter that relates the distance of a
particular amino acid substitution (as derived from the differences in polarity
and size between amino acids) to the maximum value. We follow Ren et al. [45]
in labeling this mechanistic model “From Codon.”
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